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Abstract

Recently, contrastive learning has found impres-
sive success in advancing the state of the art in
solving various machine learning tasks. However,
the existing generalization analysis is very lim-
ited or even not meaningful. In particular, the
existing generalization error bounds depend lin-
early on the number k of negative examples while
it was widely shown in practice that choosing
a large k is necessary to guarantee good gener-
alization of contrastive learning in downstream
tasks. In this paper, we establish novel general-
ization bounds for contrastive learning which do
not depend on k, up to logarithmic terms. Our
analysis uses structural results on empirical cov-
ering numbers and Rademacher complexities to
exploit the Lipschitz continuity of loss functions.
For self-bounding Lipschitz loss functions, we
further improve our results by developing opti-
mistic bounds which imply fast rates in a low
noise condition. We apply our results to learning
with both linear representation and nonlinear rep-
resentation by deep neural networks, for both of
which we derive Rademacher complexity bounds
to get improved generalization bounds.

1. Introduction

The performance of machine learning (ML) models often
depends largely on the representation of data, which mo-
tivates a resurgence of contrastive representation learning
(CRL) to learn a representation function f : X —+ R? from
unsupervised data (Chen et al., 2020; Khosla et al., 2020;
He et al., 2020). The basic idea is to pull together similar
pairs (x,x*") and push apart disimilar pairs (x,x~) in an
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embedding space, which can be formulated as minimizing
the following objective (Chen et al., 2020; Oord et al., 2018)

Ex,xt{xi}f:llog(ué exp (= f) T (FH(x7)))),

where k is the number of negative examples. The hope is
that the learned representation f(x) would capture the latent
structure and be beneficial to other downstream learning
tasks (Arora et al., 2019; Tosh et al., 2021a). CRL has
achieved impressive empirical performance in advancing
the state-of-the-art performance in various domains such
as computer vision (He et al., 2020; Caron et al., 2020;
Chen et al., 2020; Caron et al., 2020) and natural language
processing (Brown et al., 2020; Gao et al., 2021; Radford
etal., 2021).

The empirical success of CRL motivates a natural question
on theoretically understanding how the learned representa-
tion adapts to the downstream tasks, i.e.,

How would the generalization behavior of downstream ML
models benefit from the representation function built from
positive and negative pairs? Especially, how would the num-
ber of negative examples affect the learning performance?

Arora et al. (2019) provided an attempt to answer the above
questions by developing a theoretical framework to study
CRL. They first gave generalization bounds for a learned
representation function in terms of Rademacher complex-
ities. Then, they showed that this generalization behavior
measured by an unsupervised loss guarantees the general-
ization behavior of a linear classifier in the downstream
classification task. However, the generalization bounds
there enjoy a linear dependency on k, which would not
be effective if £ is large. Moreover, this is not consistent
with many studies which show a large number of negative
examples (Chen et al., 2020; Tian et al., 2020a; Hénaff
et al., 2020; Khosla et al., 2020) is necessary for good gen-
eralization performance. For example, the work (He et al.,
2020) used 65536 negative examples in unsupervised visual
representation learning, for which the existing analysis re-
quires n > (65536)2d training examples to get non-vacuous
bounds (Arora et al., 2019). Yuan et al. (2022) has demon-
strated the benefits using all negative data for each anchor
data for CRL and proposed an efficient algorithm for op-
timizing global contrastive loss. Therefore, the existing
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Assumption | Aroraetal.’19 Ours
kvVd N ( Vd

o) ON( )
low noise O(’%}?) O(%)

Table 1. Comparison between our generalization bounds and those
in Arora et al. (2019) for the 10g~istic loss. Here d is the number of
learned features. The notation O ignores log factors.

analysis does not fully answer the question on the super
performance of CRL to downstream tasks as already shown
in many applications.

In this paper, we aim to further deepen our understanding
of CRL by fully exploiting the Lipschitz continuity of loss
functions. Our contributions are listed as follows.

1. We develop generalization error bounds for CRL. We
consider three types of loss functions: ¢2-Lipschitz loss,
{~-Lipschitz loss and self-bounding Lipschitz loss. For
£5-Lipschitz loss, we develop a generalization bound with a
square-root dependency on k by two applications of vector-
contraction lemmas on Rademacher complexities, which
improves the existing bound by a factor of v/k (Arora et al.,
2019). For ¢, -Lipschitz loss, we develop generalization
bounds which does not depend on k, up to some logarithmic
terms, by approximating the arguments of loss functions
via expanding the original dataset by a factor of k to fully
exploit the Lipschitz continuity. For self-bounding Lipschitz
loss, we develop optimistic bounds involving the training
errors, which can imply fast rates under a low noise set-
ting. All of our generalization bounds involve Rademacher
complexities of feature classes, which preserve the coupling
among different features.

2. We then apply our general result to two unsupervised
representation learning problems: learning with linear fea-
tures and learning with nonlinear features via deep neural
networks (DNNGs). For learning with linear features, we con-
sider two regularization schemes, i.e., p-norm regularizer
and Schatten-norm regularizer. For learning with nonlinear
features, we develop Rademacher complexity and general-
ization bounds with a square-root dependency on the depth
of DNNs. To this aim, we adapt the technique in Golowich
et al. (2018) by using a different moment generalization
function to capture the coupling among different features.

3. Finally, we apply our results on representation learning
to the generalization analysis of downstream classification
problems, which outperforms the existing results by a factor
of k (ignoring a log factor).

The remaining parts of the paper are organized as follows.
Section 2 reviews the related work, and Section 3 provides
the problem formulation. We give generalization bounds for
CRL in Section 4 for three types of loss functions, which
are then applied to learning with both linear and nonlinear

features in Section 5. Conclusions are given in Section 6.

2. Related Work

The most related work is the generalization analysis of
CRL in Arora et al. (2019), where the authors developed
generalization bounds for unsupervised errors in terms of
Rademacher complexity of representation function classes.
Based on this, they further studied the performance of linear
classifiers on the learned features. In particular, they consid-
ered the mean classifier where the weight for a class label
is the mean of the representation of corresponding inputs.
A major result in Arora et al. (2019) is to show that the
classification errors of the mean classifier can be bounded
by the unsupervised errors of learned representation func-
tions. This shows that the downstream classification task
can benefit from a learned representation function with a
low unsupervised error.

The above work motivates several interesting theoretical
study of CRL. Nozawa et al. (2020) studied CRL in a PAC-
Bayesian setting, which aims to learn a posterior distribution
of representation functions. Nozawa et al. (2020) derived
PAC-Bayesian bounds for the posterior distribution and ap-
plied it to get PAC-Bayesian bounds for the mean-classifier,
which relaxes the i.i.d. assumption. Negative examples in
the framework (Arora et al., 2019) are typically taken to
be randomly sampled datapoints, which may actually have
the same label of the point of interest. This introduces a
bias in the objective function of CRL, which leads to perfor-
mance drops in practice. Motivated by this, Chuang et al.
(2020) introduced a debiased CRL algorithm by building
an approximation of unbiased error in CRL, and developed
generalization guarantees for the downstream classification.
Ash et al. (2022) refines the connection in Arora et al. (2019)
by removing the collision probability in the denominator,
which motivates the discussion on selecting the optimal
number of negative examples. Nozawa & Sato (2021) im-
proves the analysis Arora et al. (2019) by giving a generic
transfer theorem between unsupervised loss and supervised
loss, which exhibits a coverage-collision trade-off due to
the number of negative examples.

Several researchers studied CRL from other perspectives.
Lee et al. (2021) proposed to learn a representation function
f tominimize E(x, x,)[||X2—f(X1)||3], where X1, X, are
unlabeled input and pretext target. Under an approximate
conditional independency assumption, the authors showed
that a linear function based on the learned representation
approximates the true predictor on downstream problems.
In a generative modeling setup, Tosh et al. (2021b) proposed
to learn representation functions by a landmark embedding
procedure, which can reveal the underlying topic posterior
information. Tosh et al. (2021a) studied CRL in a multi-
view setting with two views available for each datum. Under
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an assumption on the redundancy between the two views,
the authors showed that low-dimensional representation can
achieve near optimal downstream performance with lin-
ear models. HaoChen et al. (2021) studied self-supervised
learning from the perspective of spectral clustering based
on a population augmentation graph, and proposed a spec-
tral contrastive loss. They further developed generalization
bounds for both representation learning and the downstream
classification. This result is improved in a recent work by
developing a guarantee to incorporate the representation
function class (Saunshi et al., 2022). Wang et al. (2022) re-
moves the assumption on the conditional independency, and
proposes a guarantee on the downstream performance from
the viewpoint of augmentation overlap. Bao et al. (2022)
shows that the contrastive loss can be viewed as a surro-
gate objective of the downstream loss by building upper and
lower bounds for downstream classification errors. There
are also recent work on theoretical analysis of representation
learning via gradient-descent dynamics (Lee et al., 2021;
Tian et al., 2020b), mutual information (Tsai et al., 2020),
alignment of representations (Wang & Isola, 2020), and
causality (Mitrovic et al., 2020). CRL is related to metric
learning, for which generalization bounds have been studied
in the literature (Cao et al., 2016).

3. Problem Formulation

Let X denote the space of all possible datapoints. In
CRL, we are given several similar data in the form of pairs
(x,x™") drawn from a distribution D,;,,, and negative data
X|,X5,...,X; drawn from a distribution D,, ., unrelated
to x. Our aim is to learn a feature map f : X — R from a
class of representation functions 7 = {f : [|f(-)[2 < R}
for some R > 0, where || - ||2 denotes the Euclidean norm.
Here d € N denotes the number of features.

We follow the framework in Arora et al. (2019) to define the
distribution D, and the distribution D,,.,. Let C denote
the set of all latent classes and for each class ¢ € C we
assume there is a probability distribution D, over X', which
quantifies the relevance of x to the class c. We assume
there is a probability distribution p defined over C. Then we
define Dy, (x,xT) and Dy,eq(x ) as follows

Dsim (X7 x+) = ]Ecwp [DC(X)DC(X+)] »
Dreg(x7) = Ecnsp [Dc(x*)] .

Intuitively, Dyipm (X, xT) measures the probability of x and
xt being drawn from the same class ¢ ~ p, while D, (x ™)
measures the probability of drawing an un-relevant x~. Let
(%5, %;) ~ Dsim and (X}, ..., X5;) ~ Dpeg, j € [n] :=
{1,...,n}, where k denotes the number of negative exam-

ples. We collect these training examples into a dataset

S = {(xhxf,xfh...,xfk,),(xz,xg,x;h...,x;k,),

vy (XXt % ,x;k)}. (3.1)

Given a representation function f, we can measure its perfor-
mance by building a classifier based on this representation
and computing the accuracy of the classifier. To this aim,
we define a (K + 1)-way supervised task 7 consisting of
distinct classes {c1, ..., cx+1} C C. The examples for this
supervised task are drawn by the following process:

We first draw a label ¢ € T = {c1,...,ckx41} from a
distribution D7 over T, after which we draw an example
x from D.. This defines the following distribution over
labeled pairs (x, ¢): Dy (x,¢) = D.(x)D7(c). Since there
is a label for each example, we can build a multi-class
classifier g : X — RE+! for T, where g.(x) measures the
“likelihood” of assigning the class label c to the example x.
The loss of g on a point (x,y) € X x T can be measured
by £, ({g(x)y — g(x)y }yry). where £ : RE — RT. We
quantify the performance of a classifier g on the task 7 by
the supervised loss. By minimizing the supervised loss, we
want to build a classifier whose component associated to the
correct label is largest.

Definition 3.1 (Supervised loss). Let g : X +— RE*! bea
multi-class classifier. The supervised loss of g is defined as

Lsup(Tv g) = E(x,c)NDT {Es({g(x)c - g(X)C/}C';éc)} .

For CRL, we often consider g as a linear classifier based
on the learned representation f, i.e., g(x) = W f(x), where
W e RK+Dxd Then the performance of the representa-
tion function f(x) can be quantified by the accuracy of the
best linear classifier on the representation f(x):

Lsup (Ta f) = Lsup(T7 Wf)

min
WGR( K+4+1)xd
To find a good representation f based on unsupervised
dataset S, we need to introduce the concept of unsuper-
vised loss functions. Let £ : R¥ ++ R, be a loss function
for which popular choices include the hinge loss

((v) = max {0,1+ mz[;t]j]i{—vi}} (3.2)
1€
and the logistic loss
((v) =log (1+ ) exp(—v;)). (3.3)

1€ K]
Let f(x) " denote the transpose of f(x).

Definition 3.2 (Unsupervised error). The population unsu-
pervised error is defined as

Lun(f) = E[e({f)T(F() = FO) )]
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The empirical unsupervised error with .S is defined as

= S {F6) T — SOGDI).

A natural algorithm is to find among F the function
with the minimal empirical unsupervised loss, i.e., f =
arg minger Lun (f). This function can then be used for the
downstream supervised learning task, e.g., to find a linear
classifier g(x) = W f(x) indexed by W € R(K+1)xd,

4. Generalization Error Bounds

In this paper, we are interested in the performance of f on
testing, i.e., how the empirical behavior of f on S would
generalize Well to testing examples. Specifically, we will
control Ly, (f) = Lun (f). Since f depends on the dataset S,
we need to control the uniform deviation between population
unsupervised error and empirical unsupervised error over
the function class F, which depends on the complexity of
F. In this paper, we will use Rademacher complexity to
quantify the complexity of F (Bartlett & Mendelson, 2002).

Definition 4.1 (Rademacher Complexity). Let F be a
class of real-valued functions over a space Z and S =

{z;};-y € Z. The empirical Rademacher complexity
of F with respect to (w.rt) S is defined as Rz (]-') =
E. [supfe}. - Zte[n] ezf(z,;)], where € = (ez)ze[n] ~
{£1}" are independent Rademacher variables. We de-
fine the worst-case Rademacher complexity as Rz , (f ) =
SUDSC 2.(3)=n E)‘{g(]?), where | S| is the cardinality of .

For any f € F, we introduce g : X*+2 5 R as follows

x,) = (({F(0) " (F(x

+ —
gF(x,x", X1 ,.. .,

It is then clear that

Results in learning theory show that we can bound L, ( f )—
Lun(f) by Rs(G) (Bartlett & Mendelson, 2002), where

g= {(X,X+,X1_,...,X];) >

gf(x,x+7xf7...,x

):fef}.

Note functions in G involve the nonlinear function £ : RF —
R, which introduces difficulties in the complexity analysis.
Our key idea is to use the Lipschitz continuity of ¢ to reduce
the complexity of G to the complexity of another function
class without /. Since the arguments in ¢ are vectors, we
can have different definition of Lipschitz continuity w.r.t.
different norms (Lei et al., 2015; Tewari & Chaudhuri, 2015;

=) )

Lei et al., 2019; Foster & Rakhlin, 2019; Mustafa et al.,

2022). For any a = (ay,...,a;) € RF and p > 1, we
1

define the £,-norm as |Jal|, = (>_7; |a;[?)”

Definition 4.2 (Lipschitz continuity). We say £ : R* — R

is G-Lipschitz w.r.t. the £,-norm iff

[6(a) — £(a’)] < Glla — 2,

In this paper, we are particularly interested in the Lipschitz
continuity w.r.t. either the {5-norm or the /,,-norm. Ac-
cording to Proposition G.1, the loss functions defined in Eq.
(3.2) and Eq. (3.3) are 1-Lipschitz continuous w.r.t. || - ||o0,
and 1-Lipschitz continuous w.r.t. || - |2 (Lei et al., 2019).

Va,a’' € RF.

Note each component of the arguments in £ are of the form
F(x)T(f(x*) — f(x7)). This motivates the definition of
the following function class

H = {hf(x,x+7x_) = f(x)T(f(x+)—f(x_)) :f e f}.

As we will see in the analysis, the complexity of G is closely
related to that of . Therefore, we first show how to control
the complexity of H. In the following lemma, we provide
Rademacher complexity bounds of H w.r.t. a general dataset
S’ of cardinality n. We will use a vector-contraction lemma
to prove it (Maurer, 2016). The basic idea is to notice the
Lipschitz continuity of the map (x,xt,x7) — x " (xT —
x~) W.r.t. || - ||]2 on X3. The proof is given in Section B.

Lemmad4.3. Letn € Nand S’ = {(xj,x;',xj_) 1j€n]}
Assume || f(x)||l2 < Rforany f € Fandx € S’. Then

V12R
n

Re(H) < e {1} x {£1}ax{£1}3

[bup Z Z (63,1: 1fe(x5)+€j 60 fr(x )+€j,t,3ft(xj_)>:|a

FEF jeln) teld)

where f; (X) is the t-th component of f(x) € R

Remark 4.4. We compare Lemma 4.3 with the following
Rademacher complexity bound in HaoChen et al. (2021)

Eeoft1yn [,Sflelg Z ij(Xj)Tf(Xj)} <

j€ln]

dmaXEGN{il}n[ sup Z €; fir(x;) fr(x )}, 4.1
te[d] fteF,

* j€ln]
where 7; = {x — f;(x) : f € F}. As a comparison, our

analysis in Lemma 4.3 can imply the following bound

E.. s . AT Nl <

{ﬂ}bgg%qﬂ&>ﬂaﬂ

2RE6N{i1}2nd {sup Z Z (€j7t)1ft(Xj)—l—ej’t’gft(xj))}.
fe jE[n] teld]

Eq. (4.1) decouples the relationship among different fea-
tures since the maximization over ¢ € [d] is outside of the
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expectation operator. As a comparison, our result preserves
this coupling since the summation over ¢ € [d] is inside the
supermum over f € F. This preservation of coupling has
an effect on the bound. Indeed, it is expected that

Ecft1)2na {?lelp > (%t,lft(Xj)+6j,t72ft(Xf))]

j€[n] teld]

(\[]Em{il}%{ sup Z €51 ft(x5) €2 fi(x ))D

fteEF: j€ln]

In this case, our result implies a bound with a better de-
pendency on d as compared to Eq. (4.1) (the factor of d in
Eq. (4.1) is replaced by v/d here). We can plug our bound
into the analysis in HaoChen et al. (2021) to improve their
results. In Section A we will give a specific example where
our bound can outperform Eq. (4.1) by a factor of v/d.

Remark 4.5. Lemma 4.3 requires an assumption || f (x)]|2 <
R. This assumption can be achieved by adding a projection
operator as f(x) = Pgr(f(x)) for f € F, where Pg de-
notes the projection operator onto the Euclidean ball with
radius R around the zero point. According to the inequality
IPR(F(x)) ~ Pr(F ()2 < 1F(x) — F/(x)]]2. the argu-
ments in the proof indeed show the following inequality
with H = {h(x,x*,x7) = Pr(f(x)T (Pa(f(x*")) -

Pr(f(x7)): f e F}:
Re(H) < \/ﬁR e~{il}3"d[sup Z Z

FEF jem)

(qmﬁ&ﬂ+qmﬁ@ﬂ+qmﬁ&ﬂﬂ-

That is, we can add a projection operator over F to remove
the assumption || f(x)||2 < R.

Loss Aroraetal’19 Ours
1-¢5-Lipschitz /=] 2
1-¢o-Lipschitz = I

1

nl4+n "2k 1¢2+(n"2

S.B. 1-Lipschitz L a1
+n” kT2 €) Lin (f)*

Table 2. Comparison between our generalization bounds and those
in Arora et al. (2019). The notation * means we ignore log factors.
S.B. means self-bounding. The notations 2, B and € are defined
in Eq. (4.2), (4.4) and (4.5), which are typically of the same order.
Then, our results improve the bounds in Arora et al. (2019) by a
factor of vk for £2-Lipschitz loss, and by a factor of k for £..-
Lipscthiz loss. For self-bounding loss, we get optimistic bounds.

4.1. /5 Lipschitz Loss

We first consider the /5 Lipschitz loss. The following theo-
rem to be proved in Section B gives Rademacher complex-
ity and generalization error bounds for unsupervised loss

function classes. We always assume £({ f(x)

T(f(x) -
.\ k .
f(x; ))}1:1) < Bforany f € F in this paper.
Theorem 4.6 (Generalization bound: ¢5-Lipschitz loss).
Assume ||f(x)|l2 < Rforany f € Fandx € X. Let S
be defined as in Eq. (3.1). If{ : RF s R is Go-Lipschitz
w.r.t. the lo-norm, then Rg(G) < @

A = E{e} {i1}3nkdE|:Sup Z Z Z (GJ 1,t,1ft Xj

n] i€[k] t€[d]

+ €j,i,t,2ft(xj )+ ej,i,t,?).ft(x;i)>] 4.2)

, where

Furthermore, for any 6 € (0,1), with probability at least
1 — 9 the following inequality holds for any f € F

. 4
4VBRG,A 1+ 3B

Lun(f)_Lun(f) S M~

n 2n

Remark 4.7. Under the same Lipschitz continuity w.r.t. ||-||2,
the following bound was established in Arora et al. (2019)

GoRVEDB B /1og(1/5))

(4.3)

)

where

B = Eefaipnn{£1}dx{x1}r+2 [;gl} >N

j€[n] te(d]

+Z€thft X )}

1€[k]

4.4)
(GJ ter1fe(X5) + € prafi(x

Note 2 and B are of the same order. Indeed, the
dominating term in the braces of the above equation is
> iek) €tk fe(x;) and therefore we have

AT DI AT

fe}-je[n 1 teld] i€[k]

Furthermore, A grows also in this order since €; ; + 1 f:(x;)+
€5i,t,2 (X )+ 6insfi(x 2) is of the same order of
€j,i,t,3 ft( ). Typically, 2 < B < v/nkd since there are
O(nk:d) terms in the summation inside the supremum. In
this case, Theorem 4.6 implies a bound O(+/kd/n), while
Eq. (4.3) gives a bound O(kv/d/\/n). It is clear our bound
improves the bound in Arora et al. (2019) by a factor of v/k.

4.2. (., Lipschitz Loss

We now turn to the analysis for the setting with ¢, Lipschitz
continuity assumption, which is more challenging. The
following theorem controls the Rademacher complexity of
G w.r.t. the dataset S in terms of the worst-case Rademacher
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complexity of H defined on the set Sy, where

Sy = { (lexf’xfl)’ (XlaX1+7X;2)’ [ (X17X1+’X17k)7
induced by the first example
(X2, %3 ,%51), (X2, X3, X50), - - -, (XQ’X;_,X;’C)’ cel

induced by the second example

(03537 (50,5 ).

induced by the last example

(xn,x+ xnk)}

As compared to G, the function class H removes the loss
function ¢ and is easier to handle. Our basic idea is to exploit
the Lipschitz continuity of £ w.r.t. || - ||s: to approximate
the function class {¢(v1(y),...,vk(y))}, it suffices to ap-
proximate each component v;(y),j € [k]. This explains
why we expand the set S of cardinality n to the set S3; of
cardinality nk. The proof is given in Section C.

Theorem 4.8 (Complexity bound: ¢..-Lipschitz loss). As-
sume || f(x)||l2 < Rforany f € Fandx € X. Let S be
defined as in Eq. (3.1). If ¢ : R¥ + R is G-Lipschitz w.rt.
the {.-norm, then

7 + 48GVERs,, i (H)
2f_‘>
12 1)

Eew{il}"k

Re(G) < 24G(R* + 1)n~
X (1 + log(4R2n%k) [logQ

where Rg,, ni(H) =

max
o ot om
{(xi’xj X )}je[nk]gSH

> I G — F&))-

JE[nk]

1
[sup —
heH T

Note in Rg,, nk(H) we restrict the domain of functions in
‘H to Sy, and allow an element in S3; to be chosen several
times in the above maximization.

We can use Lemma 4.3 to control Rg,, »r(#) in Theorem
4.8, and derive the following generalization error bound.
The proof is given in Section C.

Theorem 4.9 (Generalization bound: /.,-Lipschitz loss).
Let 0 : R¥ — R, be G-Lipschitz continuous w.r.t. || - ||sc.
Assume || f(x)||2 < R,d € (0, 1). Then with probability at
least 1 — 0 over S for all f € F we have

Lun(f) < Lun(f)+3B %Hsa(ﬁﬁﬂ)n*ﬂ

2
@ (1 + 1og(4R2n%k) [1og2 M—‘ > c,

Wk 12
where
¢ = max E.. n : 4.5)
(G 5 0 e~{E£1}nhx {£1}dx {£1}3

{bup Z Z €1 fit(Xj) Fejiafi(x )+€j,t,3ft()~(j_)):|-

fe]:je[nk] te(d]

Remark 4.10. We now compare our bound with Eq. (4.3)
developed in Arora et al. (2019). It is reasonable to assume
¢ and ‘B are of the same order. ' Then, our bound becomes

R G R log® (nRk) log(1/6)
() = Lun(f)+O (5 2 amy [ 2202
(4.6)

We know if ¢ is Go-Lipschitz continuous w.r.t. || - ||2, it is
also v/kG5-Lipschitz continuous w.r.t. || - || . Therefore,

in the extreme case we have G = VkGs. Evep in this
extreme case, our bound is of the order Ly, (f) = Lun(f)+

O(%W + B M), which improves Eq.

(4.3) by a factor of vk up to a logarithmic factor. For
popular loss functions defined in Eq. (3.2) and Eq. (3.3),
we have G = G2 = 1 and in this case, our bound in Eq.
(4.6) improves Eq. (4.3) by a factor of k if we ignore a
logarithmic factor.

Remark 4.11. we now give the intuition of our improve-
ments. Arora et al. (2019) considers the 1-Lipschitz continu-
ity of £ : R¥ s R w.r.t. || - ||2, while we use the 1-Lipschitz
continuity of £ w.r.t. || - ||o. Note that 1-Lipschitz continuity
w.r.t. || - ||2 is a weaker condition as compared to the 1-
Lipschitz continuity w.r.t. || - ||oo. Indeed, if £ is 1-Lipschitz
continuous w.r.t. || - ||2, then it is also v/k-Lipschitz continu-
ous wW..L. ||-||eo With a much larger Lipschitz constant. In our
problem, the contrastive loss is 1-Lipschitz continuous w.r.t.
both || - ||2 and || - || Therefore, we can use the stronger
assumption on the 1-Lipschitz continuity w.r.t. || - oo to
save a factor of Vk. Furthermore, Arora et al. (2019) use
the inequality ||.J||o < ||.J| r, where J € REX(k+2)d |1,
is the spectral norm and || - || 7 is the Frobenius norm. The
inequality introduces an additional factor of v/ since ||.J||
can be as large as V/k||J||2. As a comparison, our anal-
ysis based on Lipschitz continuity w.r.t. || - || does not
introduce any loss in the factor of £ (up to a log term), and
outperforms Arora et al. (2019) by a factor of k.

4.3. Self-bounding Lipschitz Loss

Finally, we consider a self-bounding Lipschitz condition
where the Lipschitz constant depends on the loss function
values. This definition was given in Reeve & Kaban (2020).

Definition 4.12 (Self-bounding Lipschitz Continuity). A
loss function £ : R¥ — R, is said to be G4-self-bounding
Lipschitz continuous w.r.t. /o, norm if for any a,a’ € R*
1
[t(a) — l(a')| < Gsmax {{(a),l(a')}?|la - a'| .
It was shown that the logistic loss given in Eq. (3.3) satisfies
the self-bounding Lipschtiz continuity with G = 2 (Reeve

"Indeed, under a typical behavior of Rademacher complexity as
Eev{t1}n SUPgeacrn |€iai] = O(y/n) (Bartlett & Mendelson,

2002), we have € = O(v/nkd) and B = O(Vnkd).
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& Kaban, 2020). In the following theorem, we give gener-
alization bounds for learning with self-bounding Lipschitz
loss functions. The basic idea is to replace the Lipschitz
constant G in Theorem 4.9 with empirical errors by using
the self-bounding property. We use O to hide logarithmic
factors. The proof is given in Section D.

Theorem 4.13 (Generalization bound: self-bounding Lips-
chitzloss). Let £ : R¥ s R be G ;-self-bounding Lipschitz
continuous w.r.t. || - || co. Assume || f(x)||2 < R,0 € (0,1).
Then with probability at least 1 — § over S we have the
following inequality uniformly for all f € F

Lun(f) :i/un(fHé<(B+G§R4)n_1+G§R2n—2k—l€2>

+0 ((\/§+GSR2)n*%+GsRn’1k*%€) L2,(f)log? (1/5).

Remark 4.14. Theorem 4.13 gives optimistic generaliza-
tion bounds in the sense that the upper bounds depend on
empirical errors (Srebro et al., 2010). Therefore, the gener-
alization bounds for Ly, (f) — Luy (f) would benefit from

low training errors. In particular, if ign( f) =0, Theorem

4.13 implies generalization bounds

Lun(f) = i/un(f)‘*'é(Bn_1+G2R4n_1+G§R2n—2k—l@2) )

Typlcally, we have € = O(v/nk) and in this case Ly, (f) =
Lun(f) + O(Bn’l + GZR'n~"). In other words, we get
fast-decaying error bounds in an interpolating setting.

5. Applications

To apply Theorem 4.6 and Theorem 4.9, we need to control
the term 2( or €, which is related to the Rademacher com-
plexity of a function class. In this section, we will show how
to control € for features of the form x — Uv(x), where
U € R is a matrix and v : X — R? . Here v maps the
original data x € X to an intermediate feature in RY, which
is used for all the final features. If v is the identity map, then
we get linear features. If v is a neural network, then we get
nonlinear features. For a norm || - || on a matrix, we denote
by || - ||« its dual norm. The following lemmas to be proved
in Section E give general results on Rademacher complex-
ities. Lemma 5.1 gives upper bounds, while Lemma 5.2
gives lower bounds. It is immediate to extend our analysis
to control 2(. For brevity we ignore such a discussion.

Lemma 5.1 (Upper bound). Let d,d’ € N. LetV be a
class of functions from X to RY. Let F = {f(x) =
Uv(x) : U € Uv € V}, where U = {U =
(u,...,ug)T € R . |UT| < A} and f(x) =
Uv(x) = (uy,...,uq) "v(x). Then

Een{£1yna bUP Z Z €j,.ft(%;)
te[d j€n

AE413na SUP H Z €1,;v(x5),
vey j€ln]

E €d,jV X]

J€n]

[nk
C>4/ —sup
2 reFx, %t Eo)es

Lemma 5.2 (Lower bound). If F is symmetric in the sense
that f € F implies — f € F, then we have

NECIEES

[N

VIFHIF)I3)

Note in our definition of F, we ignore the projection oper-
ator, i.e., the feature function class should be of the form
f(x) = Pr(Uv(x)) to satisfy the assumption || f(z)||2 <
R. According to Remark 4.5, it is easy to extend our analy-
sis here to the case with including the projection operator in
the definition of feature function class.

5.1. Linear Features

We first apply Lemma 5.1 to derive Rademacher complexity
bounds for learning with linear features. For any p > 1
and a matrix W = (wy,...,wg) € R the égp

norm of W is defined as |[W ||z, = (Zle 7] le||p)
If p = 2, this becomes the Frobenius norm ||W|| r. For
any p > 1, the Schatten-p norm of a matrix W & Raxd
is defined as the £,-norm of the vector of singular values
(o1 (W),..., amin{d’d/}(W))T (the singular values are as-
sumed to be sorted in non-increasing order), i.e., [|[W||s, :=
lo(W)||,- Let p* be the number satisfying 1/p+1/p* = 1.
The following proposition to be proved in Section E.1 gives
complexity bounds for learning with linear features.

Proposition 5.3 (Linear representation). Consider the fea-
ture map defined in Lemma 5.1 with v(x) = x.

(@ Il -l =1 l2p thenBesup 5> > e fi(x;)

feFteld] j€n]

Lo} Ix08)

< In>in {Adl/‘f max(
=r j€n]

) If[l- Il =1 lls, withp <2, then

EsupZZet]ftxj <A24m1n r,

feF q€[p,2] €

teld] j€[n]
§ 1/q* 2 1/2
max {[[(¢ 32 %) o (32 1eol8) )
j€n] a j€[n]

We now plug the above Rademacher complexity bounds
into Theorem 4.9 to give generalization error bounds
for learning with unsupervised loss. Let B, =
max{ x|z, [1x] [l2, |x;ll2 = 5 € [n],¢t € [k]}. Note

(et 1%513) * < VREB, for %, in the definition of €,
from which and Proposition 5.3 we get the following bound
for the case v(x) = x (the definition of € involves nk ex-
amples, while in Proposition 5.3 we consider n examples):

¢ = O(MBJC min {Ad"/" max(/g" ~ 1, 1)}).

The following corollary then follows from Theorem 4.9.
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Corollary 5.4. Consider the feature map in Proposition 5.3

with || - || = || - ||2,p. Let £ be the logistic loss and 6 € (0, 1).
Then with probability at least 1 — 0, forall f € F
. Blog?(1/6
Lun(f) - Lun(f) = M*’

vn
5 GRB, ming>, {Ad"/? max(\/q* — 1,1)}
( 7 )

It is also possible to give generalization bounds for learning
with ¢5-Lipschitz loss functions, and optimistic generaliza-
tion bounds for learning with self-bounding Lipschitz loss
functions. We omit the discussion for brevity.

5.2. Nonlinear Features

We now consider Rademacher complexity for learning with
nonlinear features by DNNs. The following lemma to be
proved in Section E.2 gives Rademacher complexity bounds
for learning with features by DNNs. We say an activation
o : R — R is positive-homogeneous if o(ax) = ao(z) for
a > 0, contractive if |o(x) — o(a’)| < |z — 2'|. The ReLU
activation function o(z) = max{z,0} is both positive-
homogeneous and contractive.

Proposition 5.5 (Nonlinear representation). Consider the
feature map defined in Lemma 5.1 with || - || = || - || F and

V= {X = v(z) =0(Veo (Vi1 o(Vix))) :
IVille < B v € [L]}.

where o is positive-homogeneous, contractive and o(0) = 0,
and L is the number of layers. Then

s Y 5 e i) < VBB B

Ie7 teld) jemm)

(16L(

Remark 5.6. If d = 1, the following bound was established
in Golowich et al. (2018)

1
Eesup Y ¢filx;) = O(VI( Y Ixil3)" I B).
T jem) j€n) le[L)

Proposition 5.5 extends this bound to the general case
d € N. In particular, if d = 1, our result matches the
result in Golowich et al. (2018) up to a constant factor.
We need to introduce different techniques to handle the
difficulty in considering the coupling among different fea-
tures u, v(x),t € [d], which is reflected by the regularizer
on U as |U|lr < A. Ignoring this coupling would im-
ply a bound with a crude dependency on d. To preserve
the coupling, we consider the moment generation func-

. 2
tion (MGF) of supc » (Zte[d] > e ejfi(x;))", and

DRSS ||xj||%)2.

1<i<j<n j€ln]

then reduce it to the MGF of a Rademacher chaos variable
> <i<j<n eiejx;'—xj by repeated applications of contrac-
tion inequalities of Rademacher complexities. A direct
application of the analysis in Golowich et al. (2018) show

Eesup > ¢ fulx;) = O(VL( Y Ixi113)* ] By).
T€7 jem) j€ln] lelL]

As a comparison, our analysis implies a bound with a square-
root dependency on d. We will give more details on the
comparison of technical analysis in Remark E.6.

1
Note (ZlSKan(xiij)Q) 2 =0 Zje[n] |x;]13), from
which and Proposition 5.5 we get for nonlinear features
that € = O(VALA(nk)% By [,y Bi). The following
proposition then follows directly from Theorem 4.9.

Corollary 5.7. Consider the feature map in Proposition 5.5.
Let ¢ be the logistic loss and § € (0, 1). With probability at
least 1 — 0§ the following inequality holds for all f € F
Lun(f) — i’un(f) =
&( CRVALAB: [iciy B+ B log? %

5.3. Generalization for Downstream Classification

In this subsection, we apply the above generalization bounds
on unsupervised learning to derive generalization guaran-
tees for a downstream supervised learning task. Similar
ideas can be dated back to metric/similarity learning, where
one shows that similarity-based learning guarantees a good
generalization of the resultant classification (Guo & Ying,
2014; Balcan et al., 2008; Balcan & Blum, 2006). Fol-
lowing Arora et al. (2019), we consider a particular mean
classifier with rows being the means of the representation
of each class, i.e., x — WH f(x) with the c-th row of W
being the mean p. of representations of inputs with label c:
te = Exp,[f(x)]. Consider the average supervised loss

Ll:up(f) = E{Ci}f:;lwpkﬂ [Lsup({ci}f(:ilv Wﬂf)|ci # Cj]7

where we take the expectation over 7 = {¢;}X1. The

following lemma shows that the generalization performance
of the mean classifier based on a representation f can be
guaranteed in terms of the generalization performance of
the representation in unsupervised learning.

Lemma 5.8 (Arora et al. 2019). There exists a function
p : CE*Y s R such that the following inequality holds
forany f € F: Erop[p(T)Lky,(f)] < Lun(f).

We refer the interested readers to Arora et al. (2019) for the
expression of p(7), which is independent of n. The follow-
ing corollaries are immediate applications of Lemma 5.8
and our generalization bounds for unsupervised learning.
We omit the proof for brevity.
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Corollary 5.9 (Linear representation). Consider the feature
map in Proposition 5.3 with || - || = || - ||2,p. Let {5, £ be the
logistic loss and § € (0,1). Then with probability at least
1 — 6 the following inequality holds

Erep ,O(T)qup(f)} = i“7L(f) T 6(B10g\/27(Ll/5)

N GRB, ming>, {AdY?" max(\/g* — 1, 1)})

Tn .
Remark 5.10. If p < (logd)/(logd — 1), we set ¢ =
(logd)/(logd — 1), and get d'/9 max(y/q* —1,1) =
O(log% d). In this case, we get a bound with a logarith-
mic dependency on the number of features. It is possible

to extend our discussion to more general norms || - || =
Il llp.qs 2, g > 1 (Kakade et al., 2012).

Corollary 5.11 (Nonlinear representation). Consider the
Sfeature map in Proposition 5.5. Let U, £ be the logistic loss
and 6 € (0,1). With probability at least 1 — § we have

E7en | p(T)Leup(H)] = Lun( )+
5 GRVALAB, [liciry Bi . Blog!/?(1/5)

( Vi PR )
Remark 5.12. If we combine our Rademacher complexity
bounds in Section 5 and Eq. (4.3) developed in Arora et al.
(2019), we would get generalization bounds for supervised
classification with a linear dependency on k. If we com-
bine our complexity bounds and Theorem 4.6, we would get
generalization bounds for supervised classification with a
square-root dependency on k. These discussions use the Lip-
schitz continuity of £ w.r.t || - ||2. As a comparison, the use
of Lipschitz continuity w.r.t. || - || allows us to derive gen-
eralization bounds with a logarithmic dependency on k in
Corollary 5.9 and Corollary 5.11. Furthermore, we can im-
prove the bounds O(1/4/n) in these corollaries to O(1/n)
in an interpolation setting by applying Theorem 4.13.

Remark 5.13. Note p(T) in the above corollaries can grow
very fast w.r.t. k, which motivates various studies on the
connection between feature learning and downstream clas-
sification tasks (Ash et al., 2022; Nozawa & Sato, 2021;
Wang et al., 2022; Bao et al., 2022). As a comparison, the
main focus of our paper is to improve generalization bounds
for pre-train task, which is orthogonal to the analysis in Ash
et al. (2022); Nozawa & Sato (2021); Wang et al. (2022);
Bao et al. (2022). It should be mentioned that Ash et al.
(2022) also studies generalization bounds for pre-train task.
Under the assumption || f(z)|l1 < Ri, Ash et al. (2022)
shows the following generalization bounds for contrastive
learning with ¢, Lipschitz loss

Lon(frLun(f) T2V

max max [E. su Xj),
n te[d]X1,--Xn ‘ fe-I;)‘ Ez[:] ft( ])
JjEn

which is worse than our bound by a factor of v/k. Moreover,
this bound uses R; while our bound assumes || f(z)||2 < R.
Note R; can be larger than R by a factor of v/d.

It should be mentioned that our improvement on the gener-
alization bounds for pre-train task can be seamlessly com-
bined with the connection on pre-train task and downstream
task to get improved generalization bounds for the down-
stream task. For example, Nozawa & Sato (2021) derives

the bound Lgup(f) < %#’i(lf), where vy is the proba-
bility that the sampled k negative examples contains all
classes. We can directly combine this result and our anal-
ysis to derive the following bounds on the performance of

downstream tasks for learning with linear features

2 o

L2 (F) = = (Lun(H) +O(

oul/2 Vd
log (1\//g)+ d)).

Vk+41

6. Conclusion

Motivated by the existing generalization bounds with a
crude dependency on the number of negative examples,
we present a systematic analysis on the generalization be-
havior of CRL. We consider three types of loss functions.
Our results improve the existing bounds by a factor of vk
for /5 Lipschitz loss, and by a factor of k for £, Lipschitz
loss (up to a log factor). We get optimistic bounds for self-
bounding Lipschitz loss, which imply fast rates under low
noise conditions. We justify the effectiveness of our results
with applications to both linear and nonlinear features.

Our analysis based on Rademacher complexities implies
algorithm-independent bounds. It would be interesting to
develop algorithm-dependent bounds to understand the in-
teraction between optimization and generalization. For ¢,
loss, our bound still enjoys a logarithmic dependency on
k. It would be interesting to study whether this logarithmic
dependency can be removed in further study.
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Appendix for “Generalization Analysis for Contrastive Representation Learning”

A. Effect on the Preservation of Coupling in Lemma 4.3

In this section, we show that Lemma 4.3 can improve Eq. (4.1) by a factor of v/d due to the ability in preserving the coupling
among different coordinates in the features. To this aim, we introduce the following lemma on the spectral norm of random
matrices.

Lemma A.1 (Tropp 2016). Consider an independent family Sy, . .., Sy of random d x d matrices with E[S;] = 0 for each
i, and define Z =}, (1 Si. Denote C(d) = 4(1 + 2[log d]). Then

B[l Zl) < VCW@max { [E(ZZ7)|12, [E(ZT )|} } + C(d) (Emax]|si|3,)*.

[

For simplicity, let us consider linear features, i.e.,

F={re) = (h,.... falx Z Iwilld < 2

where fi(x) = (w¢, x) and ||x||2 < 1. In this case, we have

[I£ ()l ?é?;]qft(xﬂ < ?é?;](HWt||2||XH2 <

and

11l = (X £200)" < (X Iwilxiz)” < R

te(d] te(d]

Eq. (4.1) implies
E. sup Z e f(x) " f(x X < dmax]EeN{il}n sup Z €; fe(x5) fe(x )}

I€% jet et e e
=dmaxE. ;4110 | sup €W x+xTw}
te(d] = —fe}‘]ez[n] PR T
= dmax]Em{il}n sup WZ( Z ejx;’x;)wt}
teld] Fllwell2< R :
J€[n]
=dRLE.iiim|| > xix/| |
j€ln] *
where || - [|op denotes the spectral operator of a matrix. Let Z =} (| € xj‘x It is clear that
£l i) (o) = st = £ s
j€[n] j€[n] J€[n]

and
-
(2 exix) (2 exix])] = 20 %) T =3 x0) "
J€[n] J€[n] J€[n] J€[n]
Therefore, we have

max {[E(227])|3, |[EIZ" 2]]3 } < V7.

Furthermore, we have

Emax ||e] 1.

x] |l <

12
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It then follows from Lemma A.1 that

Eeo{t1yn

Z ejx"'x]TH o < \/W+C(d)

J€[n]

We can combine the above discussions together to derive the following inequality based on Eq. (4.1)

Ecsup > e;f(x;) f(x}) < dRQw(\/nC(d) + C(d)). A1)

fE}-JE[n

As a comparison, the inequality below Eq. (4.1) implies the following inequality via our approach

E. sup Z ejf(xj)Tf( ) < RLE, sup Z Z €0 fi(x5).

FeF jem n) teld]

Furthermore, there holds

E. sup Z Z €1 fi(x5) = Ee sup Z Zejt (W, x5) = Ee sup Z <wt7 Z e]txj>

7 jelnlteld 7 jelnlteld  teld JEIn]
1
< E. supZHth H Zejtx] < R E, (ZH ZGJ’tXJH )2
t €[d] teld] jeEn
1
(ZEHZeﬂx]H) (ZE Zuxjn)kam,
te(d] j€n teld] j€[n]

where we have used Cauchy-Schwartz’s inequality in the first inequality and the Jensen’s inequality in the second inequality.
Therefore, our analysis implies

E, sup Zejij f(x; )<R12u\/7

fE}-JE[n]

It is clear our analysis improves (A.1) based on existing analysis by a factor of v/d in this specific problem.

B. Proof of Theorem 4.6

To prove Theorem 4.6, we first prove Lemma 4.3 by the following vector-contraction lemma on Rademacher complexities.

Lemma B.1 (Maurer 2016). Let S = {z;}_, € Z". Let F' be a class of functions f' : Z — R% and h : R* — R be
G-Lipschitz w.r.t. {3-norm. Then

Ee,\,{il}n[ sup. Z ej(ho f')(z;)| < \[GEEN{il}nd[ sup Z Z €j1fi(z; }

F'€F jemm) F'eF jen) teld)
In Section F, we will provide an extension of the above lemma.

Proof of Lemma 4.3. Let f' : X3 > R34 be defined as

f’(X,X+7X7) = (f(X), f(XJr)’ f(xi)) € R34
and h : R3¢ — R be defined as
T( +

hy,yty )=y ' y" -y, y,y.y €RL

Then it is clear that
FE)T(f(xT) = f(x7) = ho f'(x,x",x7).

Furthermore, for any y1, yf, Yi,¥2, y;r ,¥5 with Euclidean norm less than or equal to R, we have
Wy y!y1) = h(y2,ys.y2) =y1 97 —y1) —y2 (v3 —v3)
=yl i —y1) =yl (ys —y2) +yi(ys —y2) —ys (y3 —¥2)
=yl (i —y1 —y3 +y2) (i -y2) (y3 —v3).

13
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It then follows from the elementary inequality (a + b)? < (1 + p)a® + (1 + 1/p)b? that

_ _\2
|h(y1,y7,¥1) — hly2,y3,¥3)| <
201+ p)Iy1lPllyy — y3 1> + 2L+ p)lly1llPllyy —y2 113+ (L+1/p)llys — vz [5ly1 — y2li3-
We can choose p = 2 and get
_ V12 _ _
|h(y1 ¥y y1) = h(y2.y3.y2)|” <6R*(lyf —y3 1P+ llyr —yz I3+ llyr — y2113)
= 6R2||(Y17yfﬂy17) - (Y2,y§r,y5)||§.

This shows that h is v/6 R-Lipschitz continuous w.r.t. || - ||2. We can apply Lemma B.1 to derive

Eevany| sup 3 o f)(z))]
freF!
J€Eln]
SVI2RE(41)n x {+1}4x{+1}3 [Sup Z Z (Ej,t,lft(xj) +ejaafi(x) + 6j,t,3ft(X;))]
fer ;
j€[n] teld]
The proof is completed. O

The following standard lemma gives generalization error bounds in terms of Rademacher complexities.

Lemma B.2 (Mohri et al. 2012). Let G be a function class and S = {z1,...,2Zn}. Ifforany g € G we have 9(z) € [0, B],
then for any 6§ € (0, 1) the following inequality holds with probability (w.r.t. S) at least 1 — §

Zg ) +2%5(G) + 3B %7 Vg eg.

Proof of Theorem 4.6. According to the G'o-Lipschitz continuity of £ w.r.t. {o-norm and Lemma B.1, we have
E n | su Z G{F) T = FEGN Yem)
e~{+1} feg J J j §i)) S ie[k]
T jEln]

< \/QGQE{E}N{:tl}"k]E{Sup SN Gafx) T (F(x)) - f(Xﬁ))]

Te7 jen)iclk]
According to Lemma 4.3, we further get
E{e}w{:l:l}"kE[Sup Z Z ejif (%) (f(x])— f(Xy))} <
TE€7 jeln) ielk]

rRE{e} {il}gnkdE[;gp Z Z Z (ejlf 1ft X]) +€jlt2ff( )+€j,i,t,3ft(xj_i)>:|'

j€[n] i€[k] te[d]
We can combine the above two inequalities to get the Rademacher complexity bounds.

We now turn to the generalization bounds. Applying Lemma B.2, with probability at least 1 — § the following inequality
holds with probability at least 1 — §

Lunf) < Lun() + 2935(0) + 38\ 520 vy e

The stated bound on generalization errors then follows by plugging the Rademacher complexity bounds into the above
bound. The proof is completed. O

C. Proof of Theorem 4.9

We first introduce several complexity measures such as covering numbers and fat-shattering dimension (Alon et al., 1997;
Anthony & Bartlett, 1999; Cucker & Zhou, 2007; Zhou, 2002).

14
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Definition C.1 (Covering number). Let S = {z1,...,2,} € Z™. Let F be a class of real-valued functions defined over a
space Z. For any € > 0 and p > 1, the empirical £,-norm covering number N, (¢, F, S) with respect to S is defined as the
smallest number m of a collection of vectors v!,...,v™ € {(f(z1),..., f(zn)) : f € F} such that

sup Inln ( Z |f(z;) — v \p)

feFIE€m
where vj is the i-th component of the vector v7. In this case, we call {v',...,v™} an (e, £,)-cover of F with respect to S.
Definition C.2 (Fat-Shattering Dimension). Let F be a class of real-valued functions defined over a space Z. We define the
fat-shattering dimension fat (.7-' ) at scale € > 0 as the largest D € N such that there exist D points zq,...,zp € Z and
witnesses s1,...,sp € R satisfying: for any d1,...,0p ~ {£1} there exists f € F with

(Si(f(Zi) — Sz) > 6/2, Vi € [D]

To prove Theorem 4.8, we need to introduce the following lemma on Rademacher complexity, fat-shattering dimension and
covering numbers. Part (a) shows that the covering number can be bounded by fat-shattering dimension (see, e.g., Theorem
12.8 in Anthony & Bartlett (1999)). Part (b) shows that the fat-shattering dimension can be controlled by the worst-case
Rademacher complexity, which was developed in Srebro et al. (2010). Part (c) is a discretization of the chain integral to
control Rademacher complexity by covering numbers (Srebro et al., 2010), which can be found in Guermeur (2017). Let e
be the base of the natural logarithms.

Lemma C.3. Let S := {z1,...,2n} C Z. Let F be a class of real-valued functions defined over a space Z.

(a) If functions in F take values in [~ B, B), then for any € > 0 with fate(]?) < n we have

~ = ~ 4eB 16 B2
IOgNOO(€,.F, S) <1 +fat6/4(]:>(10g2 €fate Zf)) (10g - n)
€/4

€

(b) For any € > %gn(]?) we have fat (F) < %iﬁ%n(f)

(c) Let (€j)52, be a monotone sequence decreasing to 0 and any (a1,...,a,) € R™ If ¢ >

\/n—l SUp . 7 Dy (f(zl) — ai)2, then for any non-negative integer N we have

n

N ~ o~
Rg(F) §2Z(ej+ej_1)\/w+m. (C.1)
j=1

According to Part (a) of Lemma C.3, the following inequality holds for any € € (0, 2B] (the case fat, /4(.% ) = 0 is trivial
since in this case we have NV (¢, F, S) = 1, and otherwise we have fat, /4 (F) > 1)

~ ~ 8eB2|S
log Nag (6, F, ) < 1+ fat, 4 (F) log —— 21 151, (C.2)
€2
We follow the arguments in Lei et al. (2019) to prove Theorem 4.8.
Proof of Theorem 4.8. We first relate the empirical £,-covering number of F w.r.t. S = {(x;, x;', X1, X g - ,xj_k) RS

[n]} to the empirical £.,-covering number of H w.r.t. Sy. Let
{2 = (s P TR ) s € [N
be an (¢/G, lo )-cover of H w.r.t. Sy. Recall that
hy(e,xt,x7) = f00) T (F(x) = f(x7))- (C3)
Then, by the definition of {,-cover we know for any f € F we can find m € [N] such that

axmax |hp(x;,xT,x5) —r7| <€/G.
masmax [y (x;, %7, %) = 13| < ¢/

15
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By the Lipschitz continuity of ¢, we then get

k

e £({70)T (F0) = S50 i) = E(0r7i )|
< G (76) T (1) = G ey = () e = Gl (Gt )y = ()
< Ge/G =«

This shows that { (¢({r7}5_,), €({r5%}izy), . L({r}y)) : m € [N]} is an (€, £ )-cover of G w.r.t. S and therefore
Noo(€,G,8) < Noo(e/G, H, S3). (C4)

Since we consider empirical covering number of F w.r.t. S, we can assume functions in # are defined over Sy. For
simplicity, we denote R, (H) := R, .nk(H). We now control No (¢/G, H, S3;) by Rademacher complexities of 7. For
any € > 2R, (H), it follows from Part (b) of Lemma C.3 that

dnk
fat,(H) < — R, () < k. (C.5)

Note for any f € F, we have f(x) " (f(x*) — f(x7)) € [-2R?,2R?]. It then follows from Eq. (C.2) and Eq. (C.5) that
(replace B by 2R?)
log Noo (€, H, S3y) < 14 fate/a(H) log?(32eR*nk/€?)

64nkR?, (H)
2

<1+ log?(32eR*nk/€?), €€ (0,4R?).

We can combine the above inequality and Eq. (C.4) to derive the following inequality for any 2GR, (H) < € < 4GR?

2032
log Nw(6,G,5) <1+ w

log?(32eR*G*nk/€). (C.6)
Let ey = 24G max {\/Emnk(’}’-l),n_%},
e;=2""en, j=0,...,N—1,

{ 2GR? w
N = | log, — |-
24G max {\/E%nk("ﬂ), nz }

where

It is clear from the definition that
€ > 2GR? > ¢y/2.

The Lipschitz continuity of ¢ implies
C(({hy (e, x™, %7 Yiemw)) = €((0,0,....,0)) < Gllhys(x,x7,x7) [l < 2R*G

According to the above inequality and Part (¢) of Lemma C.3, we know (note ey > 2GR, (H) and therefore Eq. (C.6)
holds fore = ¢;,5 =1,...,N)

N
Rs(G) <2 (e + 6j_l)\/logf\/(fwg) Cen

n
j=1
N N 42 2
16GVnER L (H €; +€j-1)log(32e R*G"nk/e;
<272 (g4 €) F ”ﬁ"’“( )Z(j R) gi_ [ 4 oy
j=1 j=1 J
N
418GV
< 6egn" % 4 ey + 8¢ n\];?nk(ﬂ) Zlog(326R4G2nk/6?)
j=1

N
< UGR*n™F + ey + 48GNVER 1 (H) log(32e R G2nk) + 48GVER i (H) Y log(1/e?)
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According to the definition of ¢, we know

ol al al ol N(N +1)log 4
2y _ 25 /.2y _ 2 C_ 2
Zlog(l/e]—) = Zlog(? T/eg) = Zlog(l/eo) + log4 - Z] = Nlog(1/e5) + — 5
j=1 j=1 j=1 j=1
= N(log 1/ed + (N + 1)log2) = Nlog2"V*!/e2 = Nlog (iz) < Nlog (ii)
0 0 eEN €0/ EN 2G'R?
N vn
< NI ( ) = Nlog ——.
=N \uGore UG R
We can combine the above two inequalities together to get
Ns(Q) < 24GR2n"% + ey + 48NG\/Emnk(H)(1og(3zeR4G2nk) +log 245/532)
2 —3 42 vn 2GR2\/7€
R2
< 24GR?n"% + ey + 48G\/E£Rnk(?-l)(log(4R2n%k)) {logz 1\2/?1—‘7
where we have used the definition of N and 32¢/24 < 4. The proof is completed. O

Proof of Theorem 4.9. Applying Lemma B.2, with probability at least 1 — ¢ the following inequality holds with probability
atleast1 — ¢

Lun() < Lua(F) + 2935(0) + 382520 yp e

According to Theorem 4.8 and Lemma 4.3, we know

2

L 48V/12 k 5 2
<48G(R* +1)n"z + %f (1 + log(R?n2k) [mg2 R \/E—DQZ.

12

We can combine the above two inequalities together and derive the stated bound. The proof is completed. O

D. Proof of Theorem 4.13

To prove Theorem 4.13, we introduce the following lemma on generalization error bounds in terms of local Rademacher
complexities (Reeve & Kaban, 2020).

Lemma D.1 (Reeve & Kaban 2020). Consider a function class G of functions mapping Z to [0, b]. For any S = {z;:1 €
[n]}and g € G, let Eglg) = L > ic[n) 9(2i). Assume for any S € Z™ and r > 0, we have

Rs({geg: ]Eg[g] <r}) < du(r),

where ¢y, : Ry — Ry is non-decreasing and ¢,,(r)/\/7 is non-increasing. Let #,, be the largest solution of the equation
¢n(r) = 1. Forany § € (0,1), with probability at least 1 — § the following inequality holds uniformly for all g € G

Ea[g(2)] < Eglg] + 90(n + r0) + 44/ Eglg] (7 + r0).
where ro = b(log(1/8) + 6loglogn) /n.
Proof of Theorem 4.13. For any r > 0, we define F,. as a subset of F with the empirical error less than or equal to r

Fr = {fé]:: % Z gf(xj,x;r,xjfl,...,x;k) gr}.

J€[n]
Let

m o m m m m m m .
{r = (P T e T T s T) M E [N]}

17
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be an (¢/(v2rGy), lo)-cover of H,. := {hy € H : f € F,} w.rt. Sy. Then, by the definition of /,-cover we know for
any f € F, we can find m € [N] such that

maxmax|hf (x;,xF, %7, 7";”2| <e€/(V2rGy).

b
j€ln] i€k J ”

According to the self-bounding Lipschitz continuity of ¢, we know

LS ()T (60 — O Yy — ()

j€ln]

< G0 S max {({£66) T(F0) — F5) F) () M) T () = SOy — () 2

J€[n]

< % Z ((({f(xj)—r(f(xj) —f(x;z))} )-1—[({7" . ))H(hf XJ,X;F,XW))IC ) (r}"z)leuio
JEIn]
< 2G2%reé?/(2rG?) =

where we have used the following inequalities due to the definition of F,.

S ) TGN — e ) £ S L) <7
JEIn]

J€[n]

Therefore, we have

NZ(Q gr7 S) < Nm(e/(@Gs)7 Hr7 SH)u
where G, = {gf € G : f € F,.}. Analyzing analogously to the proof of Theorem 4.8, we get (replacing G there by v/2rG,)

. R2
Ns(Gr) < 24V2rGo (R + 1)~ % + 48vV2rG ViR s, e (H) (1 +log(AR*n? k) [bg2 \FD = o (r).

Let #,, be the point satisfying 7, = 1, (#,):

~ ~ 2 _1 A 2 3 R2\/ﬁ

Fr = 244/ 27, Gs(R* 4+ 1)n"2 + 48\/2rnGS\/E9%SH’nk(H) 1+ log(4R*n2k) {logQ T—‘ ,
from which we get

P = O(G2R' ™ + G2, (1)),

We can apply Lemma D.1 to get the following inequality with probability at least 1 — § uniformly for all f € F

~ ~ ~ 1 1 ~ 1
Lun(f) = Lun(D+O(Bn™ 4+ G2R'™ 4 GIRRY, i (W) ) +O(VBnF 4 GuRPn™ 3 4+ G/ KR, (H) ) Lin (D).
We can apply Lemma 4.3 to control Rg,, 1 (H) and derive the following bound
Lun(f) = Lun(f) + O(Bn—l FG2RY Y 4 G2RPn 2k 162) +0(\Fn } 4 G,R*n"% + G R~ 1k—§¢) La.(f).

The proof is completed. O

E. Proof on Rademacher Complexities

We first prove Rademacher complexity bounds for feature spaces in Lemma 5.1, and then give lower bounds. Finally, we
will apply it to prove Proposition 5.3 and Proposition 5.5.

Proof of Lemma 5.1. LetU = (uy,...,ug)" and Vs = (v(x1),...,v(x,)). Then it is clear

ulv(x) oooufv(xa)
UVs = :
u vi(xi) - ugv(xy)

18



Generalization Analysis for Contrastive Representation Learning

Let
€1,1 €1,n
]\/[6 _ c Ran
€d,1 €d,n
Then we have
SN egul vixg) = (M., UVs) = trace(M, UVs) = trace(UVs M)

t€ld) jeln]
=(UT, VsM/) < |UT[[[VsM .,

where trace denotes the trace of a matrix. Therefore, we have

sup Z Z €5 ft(x5) sup Z Z etjut

fe}‘ Ueu vey

te[d] j€[n]
< Asup ||VSM:||* = Asup H( Z €1,;V(X5),. .., Z ed,jv(xj)) H*
vey vev ; ;
j€ln] J€ln]

The proof is completed. O
Proof of Lemma 5.2. Note

) Z Z .61 ft(Xj) + €52 fr(X )+€j,t,3ft()~<;))‘ =

j€[nk] te[d]

max { D 3 (G fu®)FeaafiE)FeaafiE)) = Y Y (Guafi) e &) enafi(%) }-
JjE[nk] te[d] jE€[nk] te[d)

According to the symmetry of 7 we know

¢ = max Eeo{t1)nkx{£1}ax{£1}? [SUP ’ Z Z 1 fe(X)) + € 2ft( 7)o+ 6j,t,3ft(5{j7)) H
{(&;,%F %5 )30k, CSu fEF j€[nk] teld)

Z Z €561 f1(X;) +ejt2ft( )+€j,t,3ft(5<j_))

JjE[nk] te(d]

> ?gg{(h i* Iila))}fﬂk CSn EEN{il}"kX{ﬁ:l}dX{ﬁ:l}s{

where we have used the Jensen’s inequality in the last step.

Since we take maximization over {(x],xj',xj ) ;Lkl C Sy, we can choose (X;, j,f{]_) = (x,x%,x7) for any
(x,xT,%x7) € Sy. Then we get
€ >sup max e~{i1}n’vx{i1}dx{i1}3[ > (Gueafe®) + guafi(xT) + Gj,t.,?)ft(i_))u

feF (RXT.XT)ESH jE€[nk] te[d)

N

227% sup max (Z Z ft +ft )Jrftz(ii)))

JeF RXTITIEIH N L el

[N

1

—27bsup max (D0 (IFGIE+ IS+ I7G)I))

feF (xx+H x7)ESH JEik]
=Vartksup  max  (IFGE + ISR +IFEOIB)
fef(xx+x

where we have used the following Khitchine-Kahane inequality (De la Pena & Giné, 2012)
n n 1
Ee|Y eti| 2272 [ [6°]*, V... ta €R, (E.1)
i=1 i=1
The proof is completed. O
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Remark E.1. The analysis in the proof implies a lower bound for E)%g(]? ) for a symmetric 7 and S = {z1,...,2z,}

~ 1
R5(F) 2 s [(fen)so oo Slen))

Indeed, by the symmetry of F, the Jensen inequality and Eq. (E.1), we have

mg(f):Ee[suEl ZQJC(Zzﬂ = supf‘ Zel

fer n 1€[n] fE]: i€[n]

- supE (| Z €if(z \fn sup ( Z f2(zz-))

MreF e FEF iem)

1
2

| V

E.1. Proof of Proposition 5.3

The following Khintchine-Kahane inequality (De la Pena & Giné, 2012; Lust-Piquard & Pisier, 1991) is very useful for us
to estimate Rademacher complexities.

Lemma E.2. Letey,. .., €, be a sequence of independent Rademacher variables.

(a) Letvy,..., vy, € H, where H is a Hilbert space with || - || being the associated norm. Then, for any p > 1 there holds

1

1 n 1
[E. ||Zelvl|| » <max(y/p—1L,1)[ D [Ivill*]*. (E.2)
i=1
(b) Let X1,..., X, be aset of matrices of the same dimension. For all ¢ > 2,

n 1 n n
(B> exils )" < 231\/?max{H(ZX;Xi)%HSq,H(ZXZ-X;F)éHSq}. (E3)
i=1 i=1 i=1

Proof of Proposition G.1. Let ¢ > p. It is clear ¢* < p*. The dual norm of || - ||z, is || - ||2,p+- Therefore, according to
Lemma 5.1 and [| - ||~ < || - [|¢~ we know

1/p* 1/q"
Besup 323 ashi) < AB( 3 || 3 cully) ! (ZIIZ%XJHQ) '

tEd]jG[n] teld] je€n] teld] jen
1/q* 1/q*
<AEL I ey ) = a(amel S exll)

teld] j€ln] J€(n]

where we have used Jense’s inequality and the concavity of 2 — /9. By Lemma E.2, we know

Eell S ey < max(va =117 (3 Ixl3)

Jj€ln] Jj€ln]

It then follows that

N

Eesup Y > e fi(x;) < AdY9 max( ( > Il )

Fe7 ield) jeln) jeml

Note the above inequality holds for any ¢ > p. This proves Part (a).

We now prove Part (b). Since the dual norm of || - [|s, is || - [|s,., by Lemma 5.1 we know
Ee sup Z Z e, fe(x5) < AEel|( Z SRS TEREE Z fdijj)Hs,,*'
fE]:te[d 1j€[n] j€[n] J€[n]

Forany ¢t € [d] and j € [n], define
X;=0 - 0 x; 0 -+ 0),
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i.e., the t-th column of X t,j = X;, and other columns are zero vectors. This implies that
(Y Xy D eaX) =Y €1 Xt
JE[n] JEln] teld] j€[n]

It is clear that X; ; X, ; = x;x] and

0 0
. L0 .
X, th_ _ = x; x;diag(0,...,0,1,0...,0),
0 ijXj 0 21
0
where diag(aq, . . ., a,) denotes the diagonal matrix with elements aq, .. ., a,. Therefore, we have
2 ZXm m—dZXa
te[d] je€[n J€[n]
and
> Z Xi3Xeg = (D2 %)% lxa,
teld] je J€[n]

where ;5 4 denotes the identity matrix in RdXd. Therefore, we can apply Lemma E.2 to show that

Ee supz Zet]ft X;) <A(IE I( Zewx],.. Zeddx] )1/q

F tefd) jen] J€ln] j€ln]
_1 [/g¢*m T 3 1/q* o &
< A27% . max{”(dejxj> < ,d/1? (Z ij||2)2}.
i€ln] ’ ield]
The proof is completed. O

E.2. Proof of Proposition 5.5

For convenience we introduce the following sequence of function spaces
Vi = {x ok (Vo (Vior - o (Vix))) < |Vi|lr < Bj}, ke [L).

To prove Proposition 5.5, we need to introduce several lemmas. The following lemma shows how the supremum over a
matrix can be transferred to a supremum over a vector. It is an extension of Lemma 1 in Golowich et al. (2018) from d = 1
to d € N, and can be proved exactly by the arguments in Golowich et al. (2018).

Lemma E.3. Let 0 : R — R be a 1-Lipschitz continuous, positive-homogeneous activation function which is applied
elementwise. Then for any vector-valued function class F

~ 2
C sw S| X csotvic|| =B sw sup Z!Zew F(x,))
FEFVERWMIVIIr<B i) jeln] FeF ver 9] <1 ¥l =L yepa) je(n)

2

Proof. Letv{,...,v] berows of matrix V,ie., V' = (vi,...,v3). Then by the positive-homogeneous property of
activation function we have
. 2
) ng[n] Et,jU(VIf(Xj)) 2
2| 2 cortviw], = 3 s =Y [ ot o)
teld] j€[n teld] Z icin] €t,JU( ;f( j)) , te[d] re[h] \Jj€E[n]
2
=YY (Z oo (o Fo )))
relh] teld] “j€n]
_ 2
< (X v ) ma 3 | Z 03[y} " fix))
relh) teld] jen Tz
~ 2
<B® sup ‘ > et,jU(VTf(Xj))‘ :
I¥ll2<1 te[d] jen)
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The proof is completed. O

The following lemma gives a general contraction lemma for Rademacher complexities. It allows us to remove a nonlinear
function %, which is very useful for us to handle the activation function in DNNs.

Lemma E.4 (Contraction Lemma, Thm 11.6 in Boucheron et al. (2013)). Let 7 : Ry — R be convex and nondecreasing.
Suppose ¢ : R — R is contractive in the sense |1)(t) — ¥ (t)| < |t — t| and ¥(0) = 0. Then the following inequality holds
for any F

EJ( sup i e#/}(f(%))) < EJ( sup i qf(m)) :

FEF i=1 FEF i=1

The following lemma gives bounds of MGF:s for a random variable Z =, _;_;,, €i€;aij, which is called a Rademacher
chaos variable (De la Pena & Giné, 2012; Ying & Campbell, 2010). -

Lemma E.5 (page 167 in De la Pena & Giné (2012)). Let €;,i € [n] be independent Rademacher variables. Let
aij € Ri,j € [n]. Thenfor Z =3, ., €i€ja;; we have

E¢ exp (|Z|/(4es)) <2, wheres®:= Z aij.

1<i<j<n
Proof of Proposition 5.5. The dual norm of || - || is || - || 7. Therefore, according to Lemma 5.1 we know
Ec bupz Zet]ft x;) < AE, sup(Z H Zem v(x; H )
FeF ield) jen te[d] je€n

1

= AEE( sup H Z e 0V X] H )

FeEVL1V:AIVIF<BL te[d]  je[n]

SABLEG( sup Z\Zemo ))Dé,

fevo_1,%:[¥|2 2Zlyeld] jen

where we have used Lemma E.3 in the second inequality. Let A > 0 and 7(z) = exp(A\z?). It is clear that T is convex and
increasing in the interval [0, o). It then follows from the Jensen’s inequality that

exp< (]E sup Z Z e fi(x; ) ) < exp (A(ABLIEL( sup Z ‘ Z 6t,j0(GTf(Xj))‘2)é>2)

FEF ield) jen] Fevi wl¥ll2<1¢cla) ' jeln]

<E, exp <A<A3L<  sw 3 ‘ 3 et,jo({sz(Xj))‘Q) )2)

fEVL_1,vilIVll2<Lyc(d)  je[n]

_ R exp (WB; sip S| S eso3Tix)
FeVL1,villVI2<lyela)  jeln)

te[d) fevo_1,v:|v]2<1 j€n]

- 2

< Ecexp ()\AQB% Z sup Z e jo(vT f(x5)) )

=E, H exp ()\AQB% sup Z e j0(vT f(x;)) >
teld) Fevi1 w9251 jep

~ [ Eaew (st s | Y a6

teld] fevr_1,%:||¥|2<1 j€ln]

_ 2
= Eeqs1yn exp (d)\A2BL sup Z eja({fo(Xj))’ ),
feve_1,v:|¥|2<1 j€ln]
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where we have used the independency between ¢; = (€;;)jecn),t € [d]. Let 7 : Ry ~— R, be defined as 7(z) =
exp(dA\A2? B% z2). Then we have

exp (A(Ee sup » Y Gt,jft(xj))2> < JEeN{ﬂ}n?( sup ) > €j0(‘7Tf(Xj))D
€7 te(d) jeln)

fEVL_1,%:]¥]]2<1 J€[n]

SEEN{ﬂ}n%( sup Zejcr(ﬁ(xj)))+Ee~{ﬂw( sup —Zejcr(ﬁ(xj)))

Fevi1%:92<1 jem) Fevio1w:I9)251  jem

= QEGN{ﬂ}n%( sup Z er(VTf(xj))> < 2E€N{i1}n7~—< i sup Z ejf/—rf(xj))
FeEVL_1,%:]|¥]2<1 j€ln)] fEVL_l,\"/:H\7H2§1je[”]

:EGN{il}n%( i sup vl Z ejf(xj)> = ]Ee,\,{il}n'r< sup H Z ejf X;) ‘2) (E.4)

FEVL_1,v:¥]2<1 J€[n] fevi

where we have used Lemma E.4 and the contraction property of ¢ in the last inequality.

According to Lemma E.3, we know

Eew{:l:l}"T( sup H Z ij X;) H ) = e~{:i:1}’"7~—< H Z €50 VL 1f (x5) H >
V- 1HF<BL 1,fEVL_o

fevii ' jem) j€ln]

< Eew{il}n'f(BL]_ sup ‘ Z eja(ff—rf(xj))‘).

[912<1,f€VL-2 " je[n]

It then follows that
EN{il}nT< sup H Z e]f X;) ‘ )
feve_s €ln]

< EeN{i1}n%(BL_1 sup Z ejg({,Tf(xj))> +Ee~{i1}n7~'(BL_1 sup _ Z Ejg({,TJE(Xj))>
IVll2<1,/€VE-2 je[n] I¥lI2<1,f€VL—2  jeln]

= QEEN{il}n’Ii(BL_l sup Z EjU({fo(Xj))> S 2E€N{i1}n"f’<BL_1 sup Z Gj{/Tf(Xj))

[912<1,feVL_2 j€ln] H\7H2§1,f€VL—2je[n]

= QEEN{il}"i'(BLl sup \NIT Z ejf(Xj)) § 2EEN{:|:1}1L7~'(BL1 _Sup H Z 6jf(Xj)H2>.

¥12<1.7€Vi_2  jepm) fevie " jem)

We can apply the above inequality recursively and derive

Eew{il}"%< ~sup H Z 6jf(Xj)H2> < 2L1E5N{i1}n7~‘<BL_1 . BlH Z ijjHZ)'

FEVL-1 " jen] j€[n]

Furthermore, by Eq. (E.4) we know

Ee bupz Zet]ft X;)=7T" T(IE supz Zet]ft xj)
te[d jEn
<77t (Ee,\,{il}ﬂ7< sup H Z ejf X, H ))

feve_

1 <2L1EEN{11}"7~—<BL1 - By H g[:] 6ijH2>)
j€Eln

> o)

= (2L—1Esw{i1}n exp (dAAQBiBil o BfH
J€ln]
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where the last identity follows from the definition of 7. Let \g = dAA?B? BZ | --- B?. Then

2
EGN{il}" exp ()\0” Z 6ijH2> = ew{il}” exp ()\0 Z HXJ”Q -+ 2)\0 Z GZ'EJ'XZTXJ‘)
j€[n]

j€([n] 1<i<j<n
< exp ()\0 Z ||xj|\2)IE6N{il}n exp (2/\0 Z ez-ejx;xj)
J€[n] 1<i<j<n

l . .
We choose A = 8esdAzB%1B%71__B%, where s = (30 <;j<, (%] %;)?)?. Then it is clear Ao = gi;. We can apply Lemma
E.5 to derive that
Eevf+1)n €xp (2)\0 Z €€5X; xJ) <2

1<i<j<n

Eeft1}n exp ()\OH Z ejxjH ) < 2exp (/\0 Z %515 )

j€[n] jJ€[n]

We know 771 (z) = \/A~1log z. It then follows that

Ee Sup Z Z e fr(x;) < ( YL —1)log2+ A‘llogEEN{il}n exp ()\OH Z g)g”j))

tE [d] j€[n] J€[n]

. (A‘l(L ~1)log2 + xllog <2exp ()\0 Z ||XJ|§>)>§

J€[n]
%
= (xziog2 42700 3 )
J€[n]

and therefore

[N

1
2
= (SesdAZBiBi1-..B§Llog2+dA2B§Bi1.-.35 > ||xj||§>
j€ln]

ol

=VdABLBL_:--- By <868L log2+ Y ||x; |§)

j€ln]
The proof is completed by noting 8¢(log 2) < 16. O
Remark E.6. Our proof of Proposition 5.5 is motivated by the arguments in Golowich et al. (2018), which studies Rademacher

complexity bounds for DNNs with d = 1. Our analysis requires to introduce techniques to handle the difficulty of considering
d features simultaneously. Indeed, we control the Rademacher complexity for learning with d features by

Ec sup Z Z €5 fr(x;) < Ee < ~ sup Z ’ Z etyja({fo(xj))‘Q)é.

T teld jeinl f&Ve1.%:¥l2<1 te(d) jeln)
If d = 1, this becomes
Ee sup Z Z i fe(x;) s | Y o)),
fer, fevL_l,o:anzgl jeln]
and the arguments in Golowich et al. (2018) apply. There are two difficulties in applying the arguments in Golowich
et al. (2018) to handle general d € N. First, the term Zte[ d ’ > €ln] €, jo(vT f(xj))‘ cannot be written as a Rademacher

complexity due to the summation over ¢ € [d]. Second, there is a square function of the term ‘ 2 jen) €t 0T f(x5)) ‘ To

handle this difficulty, we introduce the function 7(x) = exp(A\z?) instead of the function 7(z) = exp(Az) in Golowich
et al. (2018). To this aim, we need to handle the MGF of a Rademacher chaos variable } 0, _; ;. €:€; (x; x;)%, which is
not a sub-Gaussian variable. As a comparison, the analysis in Golowich et al. (2018) considers the MGF for a sub-Gaussian
variable. One can also use the following inequality

(Z ( Z e@ja(ﬁf(xj))‘zy < Z ’ Z e oV F(x))],
teld] jE€[n] teld] jE€[n]
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the latter of which can then be further controlled by the arguments in Golowich et al. (2018). This, however, incurs a bound
with a linear dependency on d. As a comparison, our analysis gives a bound with a square-root dependency on d.

F. A General Vector-contraction Inequality for Rademacher Complexities
In this section, we provide a general vector-contraction inequality for Rademacher complexities, which recovers Lemma B.1
with 7(a) = a. The lemma is motivated from Lemma E.4 by considering a general convex and nondecreasing 7.

Theorem F.1. Let F be a class of bounded functions f : Z — R® which contains the zero function. Let T : R — R, be a
continuous, non-decreasing and convex function. Assume i, . .. , g, : R? — R are G-Lipschitz continuous w.rt. || - ||2 and
satisfy §;(0) = 0. Then

Eevenyer( sup > €di(f(x0))) < Bewgarynar(GVZ sup Z Z iif5(x:)). (F.1)
=1

ferisi =1

The following lemma is due to (Maurer, 2016). We provide here the proof for completeness.

Lemma F.2. Let F be a class of functions f : Z — R and g be any functional defined on F. Assume that g1, ..., Gy :
RY — R are G-Lipschitz continuous w.r.t. || - ||2. Then,

n

Eeogs1yn sup [g(f) + Zfz@i(f( )] < Eegaiyna ;jfup )+ GfZZeUf] X; } (F.2)

fer i—1 i=1 j—1

Proof. We prove this result by induction. According to the symmetry between f and f, we derive

Ee, Sup )+ Z €:Gi(f

- % wn [s9)+ 00+ 3 el Fx) + Z i3 (F06)) + G (£ (%) = G (Fx,)]

f.feF
n—1
= % sup [g(f) +9(f) + Z €:0:(f(x;)) + Z €iGi(f(x:)) + ‘gn X)) = Gn(f(x0)) }7 (F.3)
f.rer i=1

According to the Lipschitz property and Eq. (E.1), we derive

d
G0 (F (x)) = G (F )| < G 7 G0n) = FOta)ly < GVIBey e s| D e [£506n) = F(oxa)]
j=1
Plugging the above inequality back into (F.3) and using the Jensen’s inequality, we get

E, sup [g(f) + Z i (f(xs))]

feF
1 _ n—1 ) N
< §E5n‘la-~~75n,,j sup [g(f) +9(f) + Z €gi(f(xi)) + Z €igi(f Xz + G\f| Z €n,j f] Xp) fj(xnﬂ H
ffer i=1
1 ~ n—1 B
= iEEn,l ,,,,, €n,; SUP [g(f) +9(f) + Z €igi(f(xi)) + Z €9i(f Xz + G\fz €n,j f] Xn) = f (Xn)]}
f.fer i=1

n—1

= Een 1sees€n,j Sup |: + Z Ezgz Xz)) + G\/iz 6’rl,jfj (Xn):|a
j=1

where we have used the symmetry in the second step.

The stated result can be derived by continuing the above deduction with expectation over €,,_1, €,_2 and so on. O]
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To prove Theorem F.1, we introduce the following lemmas on the approximation of a continuous, non-decreasing and
convex function. Let ay = max{a,0}.

LemmaF.3. Let f : [a,b] — Ry be a continuous, non-decreasing and convex function and m > 2. Leta = 11 < -+ <
Xy = b. Then the function § : [a,b] — R defined by

f(xry1) — flog)

Tk+1 — Tk

g(w) = f(ox) +

(x — ), ifx € [Tr, it

belongs to the set

Higp) = {co + Zci(x —ti)y ¢ >0,i€n),t; eRomeN,z € [a,b]}. (F.4)

i=1

Proof. Define

Ti+1 — T4

m—1
Fa) = flay+ 30 L) =T @ 10y )],
=1

We first show that f(z) = §(z) for all z € [a, b]. Suppose that z € [z, Tx11). Then, it is clear that

Jey =g Z e L AT TISIE
B
i=k+1
@) = f@) s HEe) =S
+ Z Tiy1 — T [(‘T z) ( z+1)} + Thel — Tk [( k) 0}

f(l”kﬂ) — f(xk)

Th4+1 — Tk

= flar) + (x —z) = g(x).

We now show that f(z) belongs to the set H, ;). Indeed, it follows from (2 — 2,) 4 = 0 for all z < ,,, = b that

f( Il + Z f $2+1 ) Z.f xz - zz 1)(1’711)4’_

Tit1 — T — Ti—1
_ fz2) — f(301) — [f@ign) = fle)  fl) = fo)y,
= fla)+ To — X1 ZQ [ Tit1 — T T; — Ti1 }(:c Ti) 4

Therefore, f(z) can be written as f(z) = co + Y1y i@ — t;)4 with t; = z5,¢0 = f(z1),¢p = LE=LE) 4pq

T2—T1

¢ = f(wéill):i@i) (z;) i(w‘ 1) ,t = 2,...,m — 1. The terms cy,...,cy,_1 are all non-negative since f is non-
decreasing and convex. The proof is completed. O

Lemma F.4. If f : [a,b] — R is continuous, non-decreasing and convex, then f belongs to the closure of Hy, y) defined in
Eq. (F.4).

Proof. Letm € N. We can find a = (m) < xgm) - < :1:5:1)1 = b such that
el — ftafry < LO=1@
Introduce
my @)~ F@EY) m)
@) = fla) + T =) e e o e,

Lry1 — T
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For any = € [z, (m) x,(:i)l] it follows from the convexity of f that
(m) (m) (m)
(m) . (m) (f(xk-i,-l) — f(z, ))(x -z ) ‘
1) = f@)] = | £al™) = f(2)+ T
k+1 — Tk
(m) (m) (m)
(m)y (f($k+1) — f(zy, ))(37 -z )
= Fa™) - f@) + s
Tpy1 — Tk
_ (@) — 1@ @ —a™) _ fv) - f(a)
EREr z
from which we know lim,,_, [f(™)(z) — f(z)| = 0 for all = € [a, b]. Lemma F.3 shows that f(™) € H, ; for all m € N.
Therefore, f belongs to the closure of H|, ). The proof is completed. O

Proof of Theorem F.1. According to the boundedness assumption of f € F and the fact 0 € F, there exist B > 0 such that

0< mln{ sup ZQQZ (x4)) G\/§ supZZewa X; }

fej:z 1 f L 1j=1
<max{sup267g1 (x1)), G\/isupZZe”f] xz}_

f€.7: lel

forall e € {£1}". Let ¢ € R be an arbitrary number. Define g; : F — R by g:(f) = 0 for any f # 0 and ¢;(0) = ¢. Itis
clear that

Eengt1yn SUP gt + Ezgz z = Eeft1yn max{ sup ngl(f(xz)) ’t}
{1} Z {1} .fef:#o[; ]

and
n d
ew{il}"d Sup gt +G\[ZZQ jfj Xz = ew{il}"d InaX{G\[ sup Zzei,jfj(xi)]at}'
=1 j—1 fertf#0 5o

Plugging the above identities into (F.2) with g = g, gives

Ec n max{ sup €9:(f(x } <E.. n maX{G\[ sup € X; }

{+1} ferirzo [; zgz(f( z))} e~{Z1}nd ferio ;; zjfj z
If ¢ > 0, the above inequality is equivalent to
Eevfz1yn maX{ sup 26191 xi))], } < Eeog1yna max {G\f sup Z Z €i,j fi(%i)] } (F.5)
fer SHa— i=1
by noting §;(0) = 0 for all i € N,,. If £ < 0, it follows from (F.2) with g(f) = 0 that
Eevft1yn maX{ sup [Z i (f(x:))], t}

fer =1
n

= Eevqz1yn Jsc‘elg [Z €9i(f(x:)] < Eemqaryna SUP {G[Z Z €ijfi(Xi }

=1 =1 5=1

= Ec{41)ne max {G\/§ sup Z Z €51 xl }

fej:zljl

where we have used g;(0) = 0 for all ¢ € N,, in the first identity. That is, (F.5) holds for all ¢ € R. Subtracting ¢ from both
sides of Eq. (F.5) gives

EEN{il}n(?Eg;@%(f(xi)) - t) < Eeogt1yna (G\/i?gp ZZEZ ifi(xi)] = t) , VEER, (F.6)

i=1 j=1
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from which we know
n n d
Eew{il}"%( ?ugz Eigi(f(xi))) < Eew{il}"d%(G\/ﬁ?ug YD ek (x,;)), V7T € Hyp p)-
€/ =1 € =1 j=1

According to Lemma F.4, we know 7 : [0, B] — R belongs to the closure of Hjy ). Therefore, Eq. (F.1) holds. The proof
is completed. O

G. Lipschitz Continuity of Loss Functions

The following proposition is known in the literature (Lei et al., 2019). We prove it for completeness.

Proposition G.1. (a) Let ¢ be defined as Eq. (3.2). Then { is 1-Lipschitz continuous w.r.t. ||- ||o and 1-Lipschitz continuous
w.rt. || - ||2-

(b) Let { be defined as Eq. (3.3). Then { is 1-Lipschitz continuous w.rt. || - ||co and 1-Lipschitz continuous w.r.t. || - ||2.

Proof. We first prove Part (a). For any v and v’, we have
[0(v) = £(v")] = | max {0,1 + max{—vl-}} —max {0,1+ max{—vg}}’

< |max{ v} — max{ vt < max\vl — v = |v = V|00,
i€ (k] i€k

where we have used the elementary inequality

| max a; — maxb;| < maux|aZ — b;l.
i€[k] i€[k] €[kl

This proves Part (a).

We now prove Part (b). It is clear that
ol(v) —exp(—v;)
v; L+ 37 ey exp(—vi)

Therefore, the ¢; norm of the gradient can be bounded as follows

V(v
|| ””1—1+zze[k]exp = ZeXp

This proves Part (b). The proof is completed. O
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